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Abstract 
Small and medium-sized enterprises (SMEs) are significant contributors to development and growth in an 
economy. Since SME failure is common, this study develops a failure prediction model for the small and 
medium-sized enterprises. By using 132 distressed and non-distressed SMEs in Malaysia during the period 
of 2000 through 2010 based on the logistic regression, the results for Model 1 illustrate that higher gearing 
and lower profitability are associated with a higher failure risk. In addition, the incorporation of the firm ’s age 
as an additional factor in Model 2 significantly improves the model’s predictive accuracy. A high area under 
the receiver operating curve indicates that Model 2 is excellent in discriminating between the distressed and 
non-distressed SMEs. The Hanley and McNeil test statistic shows that both models could predict failure 
better than a random model. The overall prediction accuracy rate ranges from 50% to 83% and 75% to 89% 
for the respective Model 1 and 2 when applied to the 1-year, 2-year, 3-year and 4-year prior to distress 
holdout samples. Our result indicates that young SMEs rely heavily on debt and they are less efficient which 
led them into distressed situation. The model can detect failure as early as four years prior to the event. The 
developed model could be used as a refined tool to avoid possible adverse situations among the small 
medium-sized enterprises, creditors and investors. To the SMEs, the model could assist in early detection of 
distress situation; whereas to credit providers the predictors could be included in the score card for better 
credit decision making. Investors could potentially use the model to assess the financial well-being of 
companies to safeguard their interests. 
Keywords: Small-medium size enterprises, business failures, emerging market, receiver operating 
characteristic (ROC) curve, logistic regression. 
1 INTRODUCTION 
Over the past decade, numerous corporate failure predicting models have been proposed and developed 
(see Balcaen&Ooghe, 2006, for an overview). These models, however, have focused on large firms, as 
financial data is more easily accessible. As the role of the small and medium-sized enterprises (SMEs) 
sector in the economy has become more significant recently, research on SMEs has drawn more interest 
from academics, practitioners and policy-makers.  
In Malaysia, SMEs
1
 account for approximately 99% of all business establishments and provide 56% of 
the country’s employment. The sector constitutes 31% of the Gross Domestic Product (GDP), including 19% 
of the nation’s total exports. Additionally, from 2004 to 2009, the value-added growth of SMEs consistently 
outperformed that of the overall economy, with an average annual rate of 6.3%, compared to 4.5% for the 
overall GDP growth (National SME Development Council, 2011). Despite their pivotal role in the economy, 
                                                     
1
 According to the National SME Development Council, a company is considered an SME if its annual sales turnover does not exceed 
RM25 million or if its workforce does not exceed 150 employees (SME Bank, 2006). 
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the estimated failure rate for SMEs is 60% (Ahmad &Seet, 2009). 
Presently, there is a dearth of evidence in the empirical literature on Malaysian SME failures.
2
 Previous 
studies on Malaysian business failures have focused on listed companies (Ong et al., 2011). SMEs are 
riskier than large firms; thus, the replication of failure prediction models developed for large firms could lead 
to deterioration in the model’s performance (Altman &Sabato, 2007). Furthermore, Agarwal and Taffler 
(2008) argue against direct cross-border model replication, due to reporting and insolvency code differences.  
In this study, an empirical failure prediction model using Malaysian SME data is developed. This empirical 
model can be used as a mechanism to detect the early indication of firm failure and aid in abetter 
understanding of the factors that can lead to default among SMEs. Focus is placed on examining and 
formulating a business failure prediction model. This will be accomplished by using the Receiver Operating 
Characteristic (ROC) curve, an endeavor rarely considered in previous SME failure studies.  
2 DATA AND METHODS 
 A list of distressed SMEs
3
 was obtained from the CCM database
4
  by selecting firms classified under a 
winding-up order during the period of 2000 through 2010. For each distressed company, a non-distressed 
match was identified based on the closest asset size. After employing data-cleaning techniques, the final 
sample was 132. Data for the previous two years were used in the estimation analysis because most failed 
companies did not submit financial reports as they approached the winding-up period, which led to a very 
small sample size for the year prior to failure. Potential variables were identified from previous empirical 
studies on firm failures. These included firm liquidity, leverage, efficiency and profitability. The model also 
incorporated a non-financial variable (firm age) to improve prediction accuracy (Lugovskaya, 2010; 
Pederzoli& Torricelli, 2010). 
3 EMPIRICAL RESULTS 
Table 1 presents the summary statistics of the variables and shows that failed firms are less profitable, have 
less liquidity, are highly leveraged, and are younger. Owners of distressed companies are losing money, as 
is reflected in the negative returns. There is an insignificant difference in the size of the distressed and non-
distressed SMEs.  







Firm age (in years) 
 
19.91 14.48 4.67** 
Size (total assets) 
 
15,193,250 14,218,700 0.27 
Total liabilities to total assets 
 
0.84 1.70 3.32** 
Short-term liabilities to total liabilities 
 
0.87 0.93 1.94* 
Current assets to current liabilities 
 
2.21 1.30 1.16 
Sales to total assets 
 
1.02 1.15 0.75 
Earnings before interest and tax to total assets 
 
0.02 -0.24 3.76** 
Return on equity 0.24 -0.87 2.85** 
Notes:*, ** denote significance at 10% and 5%, respectively. 
                                                     
2
The scarce empirical evidence on small business finance research, especially in Malaysia, is due to the difficulty in accessing data. 
Under Section 165 of the Companies Act, companies are required to submit audited financial statements to the Companies Commission 
of Malaysia (CCM). Before the year 2000, most of the data were only available in the headoffice of the CCM. It was rather difficult to 
request financial statements, as the headoffice was also handling other matters pertaining to company registration. From 2000 onwards, 
CCM developed a database to record the financial data of registered companies in Malaysia. This system is made available to most 
CCM branches throughout Malaysia.  
3
The definition used to represent distressed companies was based on Part X, Section 218 of 1 (e) and (2) of the Companies Act 1965 
(Revised 1973: Incorporating latest amendment-Act A1299/2007).  
4
 CCM is the Companies Commission of Malaysia, an autonomous body that functions as a one-stop centre for corporate information, 
regulation and the development of a conducive environment.  The CCM database contains financial statements and corporate 
information for Malaysian companies. 
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The stepwise logistic regression results
5
 (Table 2) illustrate the debt ratio and profitability being significant 
for both models. Higher gearing and lower profitability should entail a higher probability of failure. This is 
consistent with Luppiet al.’s (2007) Italy findings. When non-financial variables are added to the 
specification, firm age is significant (Table 2: Panel B). The negative sign illustrates that young firms have a 
higher probability of failing, as compared to mature firms. This concurs with Shane (1996), who found that 
young firms have a higher probability of failure than established firms. This is because the former have a 
higher tendency to lose money, which could, in turn, affect their operational growth. In addition, young SMEs 
in Malaysia were found to rely more on debt, because they might not have adequate personal resources to 
fulfill their obligations. 
Table 2. Stepwise logistic regression 
Panel A: Model developed without non-financial variables (Model 1) 
Log(PD/1-PD) =  - 0.700**  
 + 0.409** Total liabilities to total assets 
 - 4.162** Earnings before interest and tax to total assets 
Hosmer-Lemeshow test 7.635 (8 degree of freedom, p-value =0.470) 










Area under ROC curve (AUC)  0.777 (SE=0.04, z=19.18) 
Accuracy ratio 0.554 
Panel B: Model developed with non-financial variables (Model 2) 
Log(PD/1-PD) =  + 10.422**  
 + 0.389** Total liabilities to total assets 
 - 7.733** Earnings before interest and tax to total assets 
 - 4.082** Ln firm age (in years) 
Hosmer-Lemeshow test 7.366 (8 degree of freedom, p-value = 0.498) 










Area under ROC curve (AUC)  0.893 (SE=0.03, z=30.95) 
Accuracy ratio 0.786 
Notes: Accuracy ratio = 2*(AUC-0.5), ** denotes significance at 5%. SE refers to standard errors and z refers to the z-
statistic for the difference between AUC and the random model (AUC of 0.50). The Z-statistic for difference in AUCs of 
Model 1 and Model 2 is 2.33.  
Panel B of Table 2 presents the model fit measures. The Hosmer-Lemeshow test suggests that both 
models are adequate and that the models fit the data (Hosmer et al., p. 153, 2013). Furthermore, Cox-Snell’s 
R-squared and Nagelkerke’s R-squared tests suggest a relative increase in the model’s performance when 
firm age is added to the specification.  
A more appropriate approach to validating the predictive accuracy of the models’ estimates using a 
                                                     
5
 For comparison purposes, an estimation using stepwise discriminant analysis also provides a similar result. It is available upon 
request. 
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logistic regression is to examine the area under the ROC curve (Bauer & Agarwal, 2014). Figure 1 presents 
the ROC curves for Models 1 and 2, illustrating that Model 2 has a larger area under the ROC curve than 
Model 1. This signifies that Model 2 is superior in its performance. Sobehart and Keenan (2001) reaffirmed 
this, when they explained that the area under the ROC curve (AUC) could indicate the predictive accuracy of 
a model.  
A considerable increase in AUC is observed when the non-financial variable is added (from an AUC of 
0.777 to an AUC equals 0.893). According to Hosmeret al. (p. 177, 2013), if the area under the ROC curve is 
between 0.8 and 0.9, the model is excellent in discriminating between those subjects; in this case, it is 
between the failed and healthy firms.  
 
Fig. 1. Comparison of ROC curves between Models 1 & 2 
To demonstrate that both models could predict failure better than a random model, the Hanley and 
McNeil (1982) test statistic, given by
)(ASE
A











1             (1) 
where: A is the area under the ROC curve, nF is the number of failed firms and nNFis the number of non-failed 









 . The z-statistic values illustrate that both models 
significantly outperformed the random classification model with z-statistics of 19.18 and 30.27, respectively. 
Furthermore, to compare the predictive accuracy of both models, the difference in the areas under the two 












               (2) 
The z-statistic of 2.33 signifies that the inclusion of the non-financial variable in Model 2’s specification 
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significantly improves the model.
6
 The same result holds true for the accuracy ratio. 
We then use the estimated models to examine the accuracy rate when these models are applied to the 
holdout sample 1-year, 2-years, 3-years and 4-years prior to the distress. Table 3 shows that the models can 
predict a firm’s failure as much as four years in advance of the failure. The overall rate of correct predictions 
ranged from 50% to 83% and 75% to 89% for Models 1 and 2, respectively. Nevertheless, the overall 
classification accuracy rate reduced as we moved further away from the distress situation.  
Table 3: Classification accuracy 
 Default Non-default Overall 
Training sample 
Model 1 60.6% 86.4% 73.5% 
Model 2 78.8% 89.4% 84.1% 
Holdout sample 
 Model 1 Model 2 Model 1 Model 2 Model 1 Model 2 
1-year prior sample 76.9% 80.8% 88.5% 96.2% 82.7% 88.5% 
2-years prior sample 37.5% 75.0% 62.5% 75.0% 50.0% 75.0% 
3-years prior sample 42.3% 73.9% 87.4% 84.7% 64.9% 79.3% 
4-years prior sample 29.2% 64.6% 90.8% 88.5% 60.0% 76.6% 
Notes: Cases correctly classified. Model 1: Model developed without non-financial variables, Model 2: Model 
developed with non-financial variables. 
4 CONCLUSION 
This study contributes to the failure prediction literature for privately-owned SMEs in Malaysia. The findings 
indicate that the inclusion of the age of firms, a non-financial variable, is important in predicting failure among 
small and medium-sized enterprises. There is a larger area under the receiver operating characteristic curve 
and a higher accuracy ratio once age is included in the model. The developed model could be used as a 
refined tool to avoid possible adverse situations among the small to medium-sized enterprises, creditors and 
investors. For SMEs, the model could assist in the early detection of a distress situation; whereas for credit 
providers, the predictors could be included in the scorecard for better credit decision making. Investors could 
potentially use the model to assess the financial well-being of companies to safeguard their interests. 
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